Text mining on a large scale that addresses actionable prediction needs to content with noisy information in documents, and with interdependencies between the kinds of NLP techniques applied and the data representation of instances. This paper presents an initial investigation of the impact of improved company mention detection for financial analytics. Coverage of company mention detection improve dramatically. Improvement for prediction of stock price varies, depending on the data representation.
INTRODUCTION
Given that it is easy to access vast amounts of online news, it becomes possible to mine news on a large scale to automatically discover information relevant for human decision making. For example, the ability to detect conflict among political entities, as in (O'Connor et al., 2013) , could potentially inform policy decisions. Text mining could also affect decisions by individual analysts who track entities of other sorts, such as corporate entities. Our work investigates the problem of mining online financial news sources in order to learn about the fundamental market value of publicly traded companies. The ability to automatically discover aspects of the market through news has broad significance. It could be used by individual investors who want to make informed investment decisions, by corporations that want to understand public perception of the market, by government entities that regulate markets, or by intelligence agencies that monitor the market for unusual events. Given a company whose stock price has changed on a given day, the general task we address is to predict whether the price went up or down, based on the news. The specific focus of this paper is to test the benefit of finding more mentions of companies in the news through Named Entity detection and coreference.
Our goal is to study the impact of a high precision, high recall approach to mining news for mentions of entities of interest. In the financial domain, we currently restrict our attention to publicly traded companies. The two issues we address are 1) to resolve variant names to the same company (e.g., Eli Lilly and Company, Eli Lilly, Eli Lilly & Co., Lilly & Co.), and 2) to resolve coreferent expressions consisting of noun phrases and pronouns (e.g., Eli Lilly and Company is an American global pharmaceutical company with headquarters in Indianapolis, Indiana. The company also has offices in Puerto Rico and 17 other countries. Their products are sold in 125 countries. It was founded in 1876.). We refer to this task as company mention detection.
Improved company mention detection will not necessarily improve price prediction from news. This is an extremely challenging prediction problem with many confounding factors. For example, news items that provide novel information about a company potentially have more impact on price than news items that provide old information. Accurate company mention detection might incorporate a higher proportion of sentences that provide old information, which could hurt rather than benefit prediction of price change. Given the complexity of factors involved in testing whether more accurate company mention detection improves prediction of stock price change, it is possible that results would vary, depending on the type of feature representation used. To make our test more general, we use an existing framework that compares alternative document representations in this domain (Xie et al., 2013) . Because this framework compares several kinds of vector and tree space representations, it serves as a more general test of the impact of improved company mention detection.
One of the challenges in mining financial informa-
Company name:
Baker Hughes Inc Ticker: BHI Company divisions: Baker Hughes Drilling Fluids, Baker Oil Tools, Baker Petrolite, etc.
------------Example sentence 1 (a company found by named entity recognition) ---------<company ticker='BHI' type='SP500' sector='energy'>Baker Hughes Inc</company> lowered estimates in mid-July to $1.12-$1.14 per share.
------------Example sentence 2 (company divisions found by named entity recognition) ------Wall, 54, comes from <company ticker='BHI' type='SP500' sector='energy'>Baker Hughes</company>, where he served since 2005 as group president, completion & production, responsible for the combined activities of <company ticker='BHI' type='SP500' sector='energy'>Baker Oil Tools</company> and <company ticker='BHI' type='SP500' sector='energy'>Baker Petrolite</company> divisions.
------------Example sentence 3 (company found by coreference resolution) ----------<company ticker='BHI' type='SP500' sector='energy'>Baker Hughes</company> said <company ticker='BHI' type='SP500' sector='energy'>it</company> supplied products to customers in Myanmar. ... Although <company ticker='BHI' type='SP500' sector='energy'>it</company> did not have an office or operations there, <company ticker='BHI' type='SP500' sector='energy'>it</company> was constantly reviewing <company ticker='BHI' type='SP500' sector='energy'>its</company> presence in nations around the globe. tion from news is that the domain of publicly traded corporate entities is extremely heterogeneous. For example, the features that prove predictive in (Xie et al., 2013) vary markedly across sectors, and can even predict opposite direction of price change in different sectors, such as retail versus industrials. It is also well known that the performance of NLP techniques varies across domains. Domain adaptation has been addressed in parsing (Ravi et al., 2008; McClosky et al., 2010; Roux et al., 2012) and language modeling (Bulyko and Ostendorf, 2003; Sarikaya et al., 2005) . Sensitivity to domain is undoubtedly true as well of NER and coreference. This suggested to us that to evaluate the effect on performance of existing NLP tools for improving company mention detection, it is important to assess performance sector by sector. We find that extension of the NER component of the framework in (Xie et al., 2013) and integration of a coreference toolkit dramatically improves recall, but much more so for one sector in particular. Manual assessment of samples of the data suggests that precision remains high. The impact on prediction, however, is not uniform. Predictive accuracy improves primarily for one of the three sectors, using the more expressive tree space representation. Improving predictions is not necessarily dependent on the number of mentions captured, but rather on the quality of the content surrounding company mentions.
MOTIVATION
Company mention detection is a challenging task. Consider the example in Figure 1 . Baker Hughes Inc is a company that provides oil and gas services in the Energy sector. Example sentence 1 mentions the full name of the company and an exact match can identify it. The challenges occur when companies mentioned in the articles are referred to by a more abbreviated version of their full name, such as Baker Hughes or Baker, as in example sentence 2. Further problems lie in the fact that some of these abbreviated mentions name other entities, such as a person, or are generic words, such as the word baker, when it occurs at the beginning of a sentence introducing a person of that occupation. We had to consider if increasing the recall to capture these cases would outweigh the negative effect of a decrease in precision. Accordingly, we looked at how frequently abbreviated name strings are in fact used to refer to a company versus a different entity. Additionally, there are instances where subbranches of a company are mentioned, and it is questionable as to whether these are important instances to capture. Baker Hughes, in example sentence 2, has divisions Baker Oil Tools and Baker Petrolite, which are mentioned in the same news article, but an exact match by full name cannot capture these mentions. The question of whether news reports about subsidiary units affect the main company's price requires is a complex one that we do not address here.
Further improvement of company mention detection requires coreference resolution, especially to detect mentions in different sentences, as shown in example sentence 3 of Figure 1 . Coreference resolution was not used in many previous studies on financial news analytics, including (Rosenfeld and Feldman, 2007; Feldman et al., 2011; Xie et al., 2013) . We found that the Stanford CoreNLP coreference parser (Lee et al., 2013) , a state-of-art coreference resolution toolkit that works well on the CoNLL Shared Task, does not lead to good results when directly applied. It introduces many mention chains that are irrelevant to the company entities, and some chains contain heterogeneous noun phrases that are not appropriate for our company mention annotation task. However, it has a modular design that supports relatively easy re-design, as described in Section 6.
RELATED WORK
Text mining in the financial domain with shallow techniques has shown some success (Tetlock, 2007; Gentzkow and Shapiro, 2010; Engelberg and Parsons, 2011) . Recent work has applied NLP techniques to various financial media (conventional news, tweets) to detect sentiment in conventional news (Devitt and Ahmad, 2007; Haider and Mehrotra, 2011) or message boards (Chua et al., 2009 ), or to discriminate expert from non-expert investors in financial tweets . (Kogan et al., 2009 ) analyzed quarterly earning reports to predict stock return volatility and to predict whether a company will be delisted. (Luss and d'Aspremont, 2008) used text classification to model daily price movements that are above a predefined threshold. (Xie et al., 2013) proposed a semantic tree structure for data representation and used tree kernel for support vector learning to predict the price change based on financial news. This work is related to the above studies that explore richer NLP techniques for company driven financial news analysis. However, most of the existing research focuses on task specific modeling, such as price prediction or fraud detection. Little attention is paid to the best ways to integrate fundamental text processing methodologies such as named entity recognition and coreference resolution. This paper focuses on improving the text processing pipeline to improve the overall financial news knowledge discovery framework. Capturing named entities is essential for making accurate predictions because we rely on named entity recognition to select company relevant news information for price modeling. Named entity recognition is a major area of interest in text mining. A large resource that supports this task is the Heidelberg Named Entity Resource, a lexicon that links many proper names to named entities (Wolodja Wentland and Hartung, 2008) . It is not used in our study because its coverage is limited: it fails to capture enough mentions for our targeted company list, which is based on the S&P 500. 1 As a result, we require a more general and comprehensive method. In 1 S&P 500 is an equity market index that includes 500 publicly traded companies in leading industries. addition to named entity recognition, we also incorporated a coreference resolution step to further improve the performance of text mining procedure. There are coreference parsers that use various approaches in attempts to attain optimal performance. The coreference resolution model that our method builds on is the Stanford CoreNLP parser (Manning et al., 2014) . Named entity recognition and coreference resolution are the two key components in our company mention detection task. We leverage state-of-art tools to maximize compatibility and stock market predictability for the financial news domain.
GICS
Our framework to capture news impact on the financial market consists of three main components, as shown in Figure 2: (1) text processing, (2) data instance formation, and (3) model learning and evaluation. In the text processing component, a four-stage NLP pipeline is used. The title and full text of the news article are first extracted from the HTML documents from Reuters News Web Archive. The sentence segmentation stage splits the full text into sentences. The company mention detection stage then identifies if any company of interest is mentioned in the sentence. In this study, we focus on a finite list of companies in the S&P 500. The sentences with at least one S&P 500 company mention are parsed and used for text mining. Therefore, the company mention detection task provides the data foundation for the whole framework. How to improve the coverage of the company mention detection in a way that improves prediction is the main focus in this study.
The remaining framework relies on the implementation described in (Xie et al., 2013) . After text processing, we align public available daily stock price data from Yahoo Finance with the textual news data following the method in (Xie et al., 2013) . Recall that the task is to predict the change in price of a company on a date based on the analysis of the preceding day's news. A data instance is all the news associated with a company on a given day, and consists of the companies whose price changed above a threshold between the closing price on the day of the news and the closing price on the following day.
In the learning and evaluation component, rich vector space models are used to test the price prediction performance. These vector space models include bag-of-words models, semantic frame features, and part-of-speech based word affective features. A model that encodes rich structured semantic information, SemTreeFWD of (Xie et al., 2013) , is also used for model learning and evaluation. It is an enriched hybrid of vector and tree space models that contains semantic frames, lexical items, and part-of-speechspecific affective features trained with Tree Kernel SVM (Moschitti, 2006) .
COMPANY MENTION DETECTION
Our Company Mention Detection module attempts to identify all named entities, variants of these names, and coreferential expressions, then replaces the original strings with a unique identifier. For the identifiers, we use the company tickers, character codes between length of two to five, to identify publicly traded companies. The NLP pipeline in (Xie et al., 2013 ) used a rule-based method for partial matching on the full company names that only recognized a limited number of the variant names for a company. We have expanded its NER (Named Entity Recognition) rules to capture a much wider range of name variants. We also tested the Stanford CoreNLP coreference parser, and modified it to achieve optimal performance for our domain. This section describes the original and our new NER module, and the changes we made to Stanford coreference parser.
To obtain a lower bound for NER, we used an Exact Match method, defined as matching the exact string to the official names of the S&P 500 companies. This ensures 100% precision, but recall is low. The approach in (Xie et al., 2013) for NER relies on a few conservative rules. These rules focus on the structure of the company names, which can consist of two types of tokens. The words that make up the unique name of the company are the general name elements. The second type are the generic endings, a predefined set of possible suffixes that are optionally included in company names. A generic ending, when included, will be the last token of a company name. It uses the generic endings Company, Corporation, Incorporation, and Limited, as well as their abbreviations.
The NER module in (Xie et al., 2013 ) applies three rules, Exact Match to the S&P Wikipedia name, a rule for the generic endings in the Exact Match, and one for the name elements. The second rule applies if there is a generic ending: the program substitutes, one at a time, each generic element in our predefined list for the original generic element, and finally a null element, and searches for each of these new candidate name strings in the text; note that if the null element is substituted, then the new search string consists only of a sequence of name elements with no generic ending. The third rule, which triggers after the second, truncates the sequence of name elements by iteratively removing the last name element unless the sequence of name elements is length two. After each truncation step, the second rule is re-applied. The process terminates at the first word of a company name.
Our Company Mention Detection module incorporates the NER from (Xie et al., 2013) described above, but extends the rules so that it does not terminate when the sequence of name elements is length one. Through random sampling and visual inspection, we found that it would be beneficial to include the first word. To maintain high precision, we hardcoded rules for companies where there was a strong possibility that the first token of their names could be mistaken for another entity.
Our Company Mention Detection module also incorporates the Stanford CoreNLP parser, which outputs lists of entities that corefer, called coreference chains (Manning et al., 2014) . The Stanford parser was trained on various copora where the average Fmeasure was about 60%, which is considered a high score for this task. Furthermore, this parser was intended to be easy for others to modify, either by removing or adding methods to capture coreference patterns. Initially, the Stanford parser seemed ineffective for our dataset due to some inaccuracies in the results. It captured many more instances than it should have, thus decreasing precision. By observing the list of entities in the coreference chains, we noticed that there were some incorrect linkings. First, distinct companies were sometimes linked with each other, such that an incorrect ticker was assigned to one of the companies. Second, the parser captured predicate nominative instances, which are not relevant for our purposes. Third, there were general incorrect linkings between company names and other words in the text.
To address these issues, we re-structured the components of the Stanford CoreNLP coreference parser. The original algorithm goes through ten passes, or sieves, to capture different kinds of coreference phenomena for each iteration (Lee et al., 2013) . By exploring the sieves in the coreference toolkit, we were able to identify the ones causing problems in our data, and to manually tune the parser to meet our needs. The three passes that decreased the accuracy of the mention detection algorithm are called Precise Constructs, Strict Head Match 3 and Relaxed Head Match. There are a few rules incorporated into Precise Constructs, but the main one causing issues in our data was the predicate nominative condition, which, when capturing an entity, also captures the text following a linking verb (Lee et al., 2013) . For example, a sentence that mentions the ConocoPhillips company says, ConocoPhillips is an international, integrated petroleum company with interests around the world. Precise Constructs gives the output ConocoPhillips is ConocoPhillips.
Strict Head Match 3 removes a word inclusion constraint used in Strict Head Match 1, where all the non-stop words of one entity must match the non-stop words that appear in the previous one. By removing this sieve and thereby imposing this constraint, our program avoids generating incorrect linkages between entities. Strict Head Match 3 removes this constraint since the score for the dataset the Stanford team tested it on improved. Relaxed Head Match allows any word in the main entity to match with entities in other coreference chains. As a result, for the company Air Products, the original algorithm incorrectly recognized these products to be the company entity. Once these three sieves were eliminated, we observed a significant improvement.
The passes that remained in the coreference parser include Speaker Identification, Exact String Match, Relaxed String Match, Strict Head Match 1, Strict Head Match 2, Proper Head Word Match and Pronoun Match. The Speaker Identification sieve detects the speakers in the text and captures any pronouns that refer to them. In Exact String Match, the parser captures the exact string of entities, similar to the idea of our Exact Match method, but with the additional property of including modifiers and determiners. Relaxed String Match removes the text following the head words of two entities, and links them together if the remaining strings match. Strict Head Match 1 uses the heads of the entities and imposes contraints to determine if the mentions are coreferent. Strict Head Match 2 eliminates a restriction used in Strict Head Match 1, where in this property, modifiers in one entity must match the modifiers in the previous entity in order to be linked together. Proper Head Word Match links proper nouns that have the same head word, but also has specific restrictions imposed on these entities. Pronoun Match focuses on pronominal rules and imposes agreement constraints to capture the entities that are compatible. These seven sieves (Lee et al., 2013) provided the results we needed for capturing additional correct instances.
EXPERIMENT
Before conducting our experiment with the Company Mention Detection module, we did some probes on the data to shape our expectations for performance gains. Taking a randomly selected company, and ten randomly selected documents that mention the company, we counted how many company mentions were captured by each of the three methods: Exact Match, the Initial NER from (Xie et al., 2013) and our Company Mention Detection (CMD). Percentage results for the 54 mentions this yielded are displayed in Table 2. As shown, CMD yielded greatly improved recall at a reasonable sacrifice in precision, and an overall increase in F-measure of 13.6%, compared to the Initial NER. Interestingly, the incorrect instances for CMD were not entirely wrong: they all referred to units within the company. We count them as incorrect, however, because of our focus on predicting stock price for the S&P 500 (parent) companies. company as a whole. We, therefore, do not regard sub-companies as correct instances for the purposes of our experiment. The Exact Match method has a very low Fmeasure since it only captures the full name of a company. Except the first time mentioned in a news article, a company is usually not referred to by its full name. Instead, variations of company names are frequently used. Clearly, the initial NER method from (Xie et al., 2013) far outperforms this baseline, yet leaves much room for improvement in recall.
As described in section 6, CMD further expanded the NER so as to search for abbreviated name strings that include only the first word of the full named entity string of the companies. For the company Baker Hughes Inc., this would lead to the inclusion of mentions by the single name Baker. Although in the general case, this could introduce imprecision, if a document already contains the full company name, it is likely that use of the first name token in the full name (e.g., Baker) would be a company mention. In addition, CMD also captures many coreferential expressions for company mentions. For example, one article says, Baker Hughes said it supplied products to customers; where the original NER rules capture Baker Hughes. CMD also captures it. As shown in Table 3 , CMD captures many additional instances of company mentions. This also leads to some gains in stock price prediction, as will be reported in the next section.
The full experiment uses as input the data described in Table 1 consisting of all the news in three market sectors from Reuters news archive for 2007. Recall, we use the framework described in Section 5 because it allows us to test the impact of improved F-measure for CMD across multiple document representations. The five document representations we test in the experiment are: 1) BOW, which refers to bag-of-words with unigram counts; 2) BOW (n- gram), for BOW with unigram, bigram and trigram counts; 3) FW which is like BOW (n-gram) but also includes Frame Semantic elements (see next paragraph); 4) FWD consists of FW plus a prior polarity on words from the Dictionary of Affect in Language (DAL score; see next paragraph); 5)and lastly, SemTreeFWD, which is a tree structure that uses the FWD features combined with a tree kernel. Three of the five document representations make use of the features from frame semantics (Fillmore, 1976) . Frame semantics aims for a conceptual representation that generalizes from words and phrases to abstract scenarios, or frames, that capture explicit and implicit meanings of sentences. The three basic feature types from frame semantics are frame name, frame target, and frame element. Each frame is evoked by a frame target, or lexical unit, for example, sue or accuse evoke the Judgement Communication frame, which describes a lawsuit scenario. Its frame elements, or semantic roles, are Communicator, Evaluee, and Reason. FW and FWD uses bag-of-frames (including frame names, frame targets, and frame elements) features in a vector space representation, while SemTreeFWD encodes relational structures between the company entity and the semantic frame features in a tree representation, in addition to FWD. The semantic parsing we use to extract frame features is SEMAFOR 2 (Das and Smith, 2011; Das and Smith, 2012) , a statistical parser that uses a rule-based frame target identification, a semi-supervised model that expands the predicate lexicon of FrameNet for semantic frame classification, and a supervised model for argument identification.
GICS
FWD and SemTreeFWD contain word affective features based on DAL, the Dictionary of Affect in Language (Whissel, 1989) . It is a psycholinguistic resource designed to quantify the undertones of emotional words that includes 8,742 words annotated for three dimensions: pleasantness, activation, and imagery. We use the average scores, in terms of the three dimensions, for all words, verbs, adjectives, and adverbs in a vector space for feature representation.
The experiments assess the performance of predicting the direction of price change across companies in a sector. Recall that a data instance in our experiment is all the news associated with a company on a given day, and consists of the companies whose price changed above a threshold between the closing price on the day of the news and the closing price on the following day. In this experiment, we use the threshold of 2% that corresponds to a moderate fluctuation. A binary class label {-1, +1} indicates the direction of price change on the next day after the data instance Table 4 : Averaged test accuracy for each company by sector that uses 80% of the data for training 20% for testing. Boldface identifies a higher CMD mean and * identifies the CMD that is significantly better than the Initial NER with p-value < 0.05.
was generated from the news. For each company, 80% of the data is used for training and 20% for testing. We report the averaged accuracy and standard deviation of the test data for both the Initial NER, as a benchmark, and our CMD on a sector-by-sector basis.
RESULTS
The experiment addresses two questions: 1) Does CMD improve the coverage of company mentions in the domain of interest? 2) Does our Company Mention Detection improve accuracy of prediction on the task to identify the direction of price change? Based on our probe of the data where we could manually assess precision (Table 2 in section 7), we expected a large increase in coverage. Projecting from the results of this manual probe, we assume that an increase in recall comes with an acceptable (small) degradation in precision. Yet, because there is no gold standard data set, we cannot assess precision of CMD for the full dataset. Prediction accuracy is the true test of performance on the benefit of increased coverage of company mentions using CMD, but is only a very indirect measure of precision. As noted above, stock price prediction from news is a challenging task with a great deal of noise in the input. Results presented here show a substantial increase in coverage, and statistically significant increases in prediction accuracy for some but not all of the experimental conditions.
As background to interpret the results, it is important to consider the relation between the increased number of mentions versus the number of data instances per company, and the differences across sectors in the average number of data instances per company. Again, each data instance consists of all the news for a given company on a given day. Therefore, new data instances will be added only if CMD identifies news for a given company on a day that was not identified before. If new sentences for a given day are identified, however, then we expect that BOW and BOW (n-gram) are very likely to be enriched, and prediction could improve in these two cases. If new mentions in an existing sentence are identified, this should not improve BOW and BOW (n-gram) because all the relevant feature positions in the vector (unigram, ngram) will already have had values, and the values will not change. In contrast, if new mentions occur not in the same sentence but in new clauses within or across sentences, the representations that use semantic frame parsing (FW, FWD, SemTreeFWD) could be enriched if the new clauses contain words that trigger new frames, and the new mentions fill their roles.
We found that CMD did not increase the number of data instances. This result suggests that if a news item mentions a relevant company, at least one mention will be either an exact match to the full name string, or a near match based on the conservative NER rules in (Xie et al., 2013) . On the other hand, there were substantial gains in the total number of sentences. Table 3 reports the absolute numbers of sentences with company mentions from the original NER module in (Xie et al., 2013) compared with those for the Company Mention Detection module. At increases of between 16% and 17%, the Materials and Industrials sectors already show large increases; the increase for the energy sector is nearly double that of the two other sectors. This difference between the GICS 15 and 20 versus GICS 10 reflects the underlying domain differences from sector to sector, which accounts to some degree for the difficulty of the prediction task. We further note that the number of data instances per company differs substantially across the three sectors. The mean and standard deviation for each sector are as follows, respectively: GICS 10, µ = 24.37, σ = 15.80; GICS 15 µ = 20.80, σ = 15.52; GICS 20: µ = 16.16, σ = 18.96. Based on these figures, we expect the gains for GICS 15 and 20 to be similar, and the gains for GICS 10 to be larger for the semantic frame representations. Table 4 gives the average accuracy per sector of the CMD combined with the five document representation methods introduced in the previous section. (Note: None of these results significantly beat the baseline accuracy given by the average over the majority class for each company, but the standard deviations for this baseline (as for the results in Table 4 ) are quite high. This does not diminish the comparison of the different representations, and the question of whether CMD can improve performance.) Prediction accuracy improved for the BOW representations. The numbers in boldface are the cases where the average accuracy for CMD is higher than for the original NER, and the cells with an asterisk indicate cases where a t-test of the difference is statistically significant. As shown, the two cases where there is a statistically significant improvement are for the two BOW representations for the sector with the fewest average data instances per company, namely Industrials. When using NER, the BOW representations already had very competitive performance, and CMD increases their performance. This suggests that the new sentences that are identified with CMD add new vocabulary that is predictive. The two vector-based representations with frames also have higher accuracy, but the increase is not statistically significant. For the tree-based representation (SemTreeFWD), the performance degrades somewhat. The performance of the frame-based representations suggests that the new sentences for Industrials do not add new frames, or possibly add new frames that have semantic conflicts with the frames that were found earlier. The same general pattern holds for the Materials sector.
The one case where the SemTreeFWD performance improves is for the Energy sector, but the improvement is not statistically significant. We can only speculate that this sector is the only one where SemTreeFWD shows greater accuracy because this is the sector where the number of additional sentences is substantially larger.
The two questions posed by our experiment can be answered briefly as follows: 1) CMD improves the coverage of company mentions dramatically at the sentence level: the number of additional sentences per sector increases on average by over 20%. This does not, however, increase the number of data instances; 2) CMD has a statistically significant impact on predictive accuracy only for the Industrials sector, for the two BOW reprsentations. In the next section we discuss the ramifications of these results.
CONCLUSION
Evaluation of coreference performance generally involves assessment of the accuracy of coreference as an independent module. Here we provide an evaluation of coreference as an independent module (intrinsic), and as part of an end-to-end system that aims at a real world prediction task (extrinsic). The results presented in the preceding section provide a very dramatic and concrete demonstration that large gains for coreference as a stand-alone module do not necessarily result in system gains. They also demonstrate the importance of considering the overall integration of information for data representation.
Of the fifteen conditions in Table 4 , the two conditions where we find statistically significant improvements from CMD pertain to the two data representations that are relatively less rich, BOW and BOW (ngram), for the sector with the fewest data instances. There are marginal improvements that are not statistically significant for FW and FWD, and a degradation for SemTreeFWD. This indicates to us that the new sentences added for the Industrials sector add new features to the BOW feature vector, but do not add as much in the way of frame features. Continuing with this sector, the differences between the five document representations are not as great for NER as they are with CMD, and the unigram BOW representation in the CMD condition ends up with the highest accuracy for the ten conditions. The same general trend for the vector representations holds in Materials as for Industrials, but without statistical significance. For Materials, however, SemTreeFWD remains the representation with the highest accuracy among all five.
Energy, which had a much more substantial gain in number of sentences, has a completely different pattern. There are no gains for the vector based representations. Energy is also the sector with the greatest number of data instances per company. Here we speculate that the addition of new sentences does not add new vocabulary: with such a large number of data instances per company already, vocabulary coverage was perhaps already high. SemTreeFWD shows a small gain in accuracy that is not statistically significant.
In our view, rich semantic and pragmatic data mining for large scale text mining should aim for information that supports more informed decision making, or in other words, is actionable. To summarize the results of the experiment presented here, a substantial increase in coverage for the task of detecting mentions of relevant entities on a large scale prediction task does not necessarily translate to gains in the actionable value of the information gained. Further, the experiment demonstrates the interdependence of semantic and pragmatic data mining with feature representation, and with the end goals of the data mining task. For future work, a detailed post hoc analysis of results across sectors, and across companies within sectors, should yield insights that could inform a more sophisticated processing architecture, as well as a more effective document representation.
